Product availability impacts many markets in which stochastic demand and fixed inventories may lead to stock-outs. In vertically-separated markets, optimal inventory decisions may differ substantially between upstream and downstream firms, making vertical arrangements necessary for coordination. We examine the impact of exogenously removing products from vending machines, and analyze subsequent changes in purchasing patterns and profits using both nonparametric analyses and structural demand estimation. We find substantial switching to alternate products, and evidence of misaligned stocking incentives between upstream and downstream firms. We discuss the trade-offs of both empirical approaches for analyzing product availability effects generally.
Introduction
Product availability impacts many markets, particularly those for which storage costs or capacity constraints matter. For example, inventory decisions may lead to stock-outs in retail markets, and capacity decisions may affect transportation, performance events, health care provision, and school choice. Firms in these markets may optimize product availability to influence consumer decisions about where and when to shop. In vertically-separated markets, optimal stocking choices for downstream firms may differ substantially from those of upstream manufacturers. In such settings, manufacturers may use vertical arrangements to try to align the stocking decisions of the downstream firms with their own interests.
Despite the key role that product availability plays in many markets, little empirical evidence exists on the importance of product availability for firms or consumers. We investigate the impact of product availability through a field experiment in which we exogenously remove top-selling products from a set of vending machines, and track subsequent consumer responses and profit impacts. Product availability in the context of vending has been the subject of many recent debates about obesity and the appropriate public policy response to the mix of products offered in vending machines, particularly in school settings.
1
We find that most consumers purchase another good when a top-selling product is removed. The profit impacts indicate that stocking incentives may be misaligned between downstream and upstream firms in the absence of vertical arrangements. For example, some product removals result in lower revenues for the upstream manufacturer but higher profits for the downstream firm as consumers substitute to products with higher downstream margins. This effect may provide a rationale for the use of tying or forcing contracts by upstream firms that is unrelated to competitive considerations at the upstream level.
The experimental nature of the data allows us to analyze the substitution patterns and profit impacts of each product removal using two alternative methodologies. First, we report nonparametric analyses of the data using techniques common to the treatment-effects literature, and applicable here due to the exogenous variation in product availability introduced by the experiment. Second, we analyze the data using structural demand estimation. The implementation of the two estimation methods allows us to generate insights into the relative benefits and drawbacks of applying these alternative methodological approaches to other data sources or in other settings.
We run our field experiment on a group of 60 vending machines located in five office buildings in downtown Chicago. Over the course of a three-year period, we implement six single-product removals (in which a single product is removed from all sites), and two double-product removals (in which two products are removed simultaneously). Each removal lasts for 2-3 weeks. For the nonparametric analyses, we choose control weeks from the threeyear panel using nearest-neighbor matching methods and report the substitution patterns implied by a comparison of the treatment and control weeks. Using the same control weeks, we also report the profit impacts of each experiment for the downstream firm and the revenue impacts for all upstream firms.
The nonparametric approach allows us to document changes in purchasing patterns and profit impacts directly, with no need to make any parametric assumptions about the functional form of demand. The changes in purchase frequencies across remaining products are quite sensible; most consumers switch to a similar product when their first choice is removed, and relatively few consumers walk away. In some cases, the downstream firm appears to profit from a product removal, because consumers switch to products with higher downstream profit margins. However, accounting for the vertical contracts between the vending operator and upstream manufacturers reverses this effect, indicating that one rationale for the vertical arrangements in this industry may be to align the downstream firm's incentive to carry and service the products of upstream manufacturers.
The nonparametric approach requires no functional form assumptions, but this flexibility can produce noisy measures of the true effect of each product removal. For example, total vends are occasionally higher during the treatment period (when a product is removed) than during the control period, and vends of substitute goods are sometimes lower during the treatment period than in the control. We would not want to assign a causal interpretation to these types of outcomes, and thus, they represent a limitation to the otherwise very informative results of this approach. More broadly, these sorts of problems may be endemic to any large-scale field experiment in industrial organization (IO) . Unlike studies of individual behavior in the lab or the field, randomization may not be able to control for all possible market-level variables in most IO contexts. For example, we can't prevent Mars, Inc. from advertising Snickers in different ways over time or in different geographic markets.
The second way in which we analyze the substitution patterns and profit impacts of changes in product availability is through the use of structural demand estimation. Using the full dataset, we estimate nested logit and random-coefficients logit models of demand. We predict vends during the treatment and control periods using the estimated model parameters, and compare these outcomes. The models perform well in many respects, and capture much of the variation that is observed in the nonparametric results. However, they tend to predict fewer sales to the products identified as 'top substitutes' in the nonparametric analysis, and predict more sales to other products. We speculate on two reasons for this result; namely, properties of the logit error term, and the endogeneity of changes in the retailer's product mix. We also provide estimates of downstream profit and upstream revenue, and again find evidence of mismatched incentives in the vertical supply chain that are addressed by the vertical contracts used between this vending operator and the upstream manufacturers.
Next, we extend the structural analyses by simulating the effect of the product removal directly. This differs from the first exercise, in which we compare estimates of the model during the treatment and control periods, because that exercise allows for other changes to occur in addition to the stock-out of the focal product. For example, if a different brand of pretzels was carried during a control week, the first exercise adjusts for that. In this sense, neither the nonparametric analyses nor the predicted structural estimates of vends during the treatment and control periods provide a clean measure of the impact of the product removal per se. Simulating the product removal, on the other hand, holds all other factors fixed, and isolates the "pure" treatment effect when the model is correctly specified. The results of simulating the product removal are qualitatively similar to the 'prediction' exercise. The profit(revenue) impacts for downstream (upstream) firms are quite similar to the impacts we estimate using the nonparametric approach, with the same instances of mismatched incentives in the vertical chain.
In most cases in which one estimates demand, the type of exogenous variation in product availability that we create through our experiments does not exist in the data. Thus, structural demand models are often identified solely from naturally-occurring variation in choice sets (which may also include variation in product characteristics, such as price). One way to examine how successful these sources of variation are for identifying model parameters is to remove the variation in choice sets that arises from our experimental interventions. Thus, we conduct a series of hold-out analyses, in which we estimate the nested logit and random-coefficients logit models using subsets of the data that drop treatment periods.
2 We find that the estimated model parameters are generally robust to the exclusion of data from the experimental interventions, with the exception of the parameters that govern correlation in consumer tastes for candy and sugar. These parameters are sensitive to the exclusion of data from the candy bar stock outs. The finding is intuitive because there are fewer "naturally occurring" changes over time in the product mix of the candy category, and the candy bars that we exogenously remove have much higher market shares than the salty snack and cookie products that we exogenously remove.
There are several advantages to studying product availability in the context of vending machines. One advantage is the ability to successfully implement the field experiments logistically (ie., to exogenously change the set of products that are available to consumers). Even a "simple" retail setting would introduce complications to this change that are absent with vending machines.
3 Second, the scale of revenues that are potentially at stake in a vending machine is relatively small, so the experiments are not prohibitively expensive to run. Third, we observe the wholesale costs of the vending operator, which makes calculation of the upstream and downstream revenue/profit impacts possible.
Some features of vending machines are both advantages and disadvantages for the purpose of our study. Competition between retail outlets is not a feature of our setting. While this simplifies many aspects of the study, it is also a limitation, in the sense that we cannot study how competition among downstream firms responds to changes in product availability. Similarly, price variation is quite limited, especially within a site for a category (e.g., candy) over a period of time.
Finally, we note that the field experiment is not a randomized trial. Rather, each removal exogenously varies the set of products available to all consumers for a period of time, and control weeks are selected from an observational dataset during which no intervention occurred. 4 We did not have the ability to randomize the set of products offered to any given consumer at the time of her purchase. Such an experiment would represent a true randomized trial (absent other market-level effects), but is not feasible technologically in brick-and-morter retail contexts.
Relationship to Literature This paper connects several different literatures. The first is a growing literature in economics, marketing, and operations research that focuses on firms' stocking decisions and the importance of product availability for vertical arrangements. The "newsvendor" problem dates back to Edgeworth (1888) , Spengler (1950) , and Arrow, Harris, and Marschak (1951) , and describes the potential for mis-aligned inventory incentives between upstream and downstream firms. More recent theoretical work formalizes and extends the solution to this problem (e.g., Kraiselburd, Narayanan, and Raman (2004) , Schweitzer and Cachon (2000) , and many others). In more recent empirical work, Anupindi, Dada, and Gupta (1998) study product availability, also in the context of vending machines. Several examples in this literature focus on scanner data and availability at supermarkets and convenience stores, such as Bruno and Vilcassim (2008) , and Musalem, Olivares, Bradlow, Terwiesch, and Corsten (2010), and Matsa (2010) . Aguirregabiria (1999) uses scanner data to examine the strategic implications of dynamic inventory decisions in the context of vertically-separated markets.
The second is a wider literature on field experiments in economics. A rather extensive review of this literature is presented in Levitt and List (2009) . Some recent and notable examples include Karlan and List (2007) who study the impact of price on charitable giving, and Bertrand, Karlan, Mullainathan, Shafir, and Zinman (2010) who examine the impact of advertising using a direct-mail experiment involving consumer lending. Much of the field experiments literature focuses on direct-mail, charitable giving, or auction settings (such as Engelbrecht-Wiggans, List, and Reiley (2005) or Ostrovsky and Schwarz (2009) ). In a retail setting Cai, Fang, and Yuyu (2009) examine observational learning by randomly marking menu items as "favorites" and analyzing the impact of the designation on customer demand. There is a small related literature that uses experiments to study the effects of stockouts. Fitzsimons (2000) studies psychological effects of stockouts on consumers in the laboratory, and Anderson, Fitzsimons, and Simester (2006) examine psychological framing effects of how stockouts are presented to consumers in the context of a mail-order company.
The paper also contributes to a recent discussion about the role of different methods in empirical work going back to Leamer (1983) , and discussed recently by Heckman (2010) , Angrist and Pischke (2010) , Leamer (2010) , Keane (2010) , Sims (2010) , Nevo and Whinston (2010) , Stock (2010) , and Einav and Levin (2010) . A central issue in this debate is what role experimental or quasi-experimental methods should play in empirical economic analyses in contrast to structural methods. Several of these recent papers essentially argue that both types of approaches have advantages and drawbacks. Our setting provides the opportunity to examine empirically the trade-offs to which these papers refer. For example, while our experimental estimates are quite informative in many respects, there are cases in which we would not want to infer causality (e.g., when overall sales increase during a stock-out event). The structural demand models use economic theory to rule out such an effect, but cannot fully capture the degree of substitution that occurs from a focal product to other goods. This is especially true when a product's most important characteristics are less easy to measure (e.g., packaging differences, or possibly unobserved advertising campaigns).
The paper proceeds as follows. We describe the vertical arrangements used in the vending industry, and the design of our field experiments and data in section 2. Section 3 describes the non-parametric results from the field experiments including the implications of the experimental results for firm profitability. In section 4, we describe two structural demand models commonly used to estimate substitution patterns (i.e., nested-logit and random-coefficients logit models), and a method for estimating the rate of consumer arrivals at each machine. In section 5 we compare the predicted substitution patterns of those models during the treatment and control weeks analyzed in section 3; section 6 uses the demand models to simulate the removal of focal products (holding all other conditions of the market fixed). Section 7 provides the results of hold-out analyses, in which we estimate the demand model on subsets of the data, and section 8 concludes.
2 The Vending Industry and Experimental Data
Vertical Arrangements in the Vending Industry
Vertical arrangements are widely used in the vending industry and apply to several of the upstream relationships of the firm with whom we worked. The most commonly used vertical arrangement in the industry is referred to as a "rebate program." Under a rebate program, a manufacturer refunds a portion of a vending operator's wholesale cost at the end of a fiscal year if the vending operator meets an annual sales goal, typically expressed as a percentage of last year's sales. The sales goal for an operator is typically set for the combined sales of a manufacturer's products, rather than for individual products. Some manufacturers also require a minimum number of product "facings" in an operator's machines. The amount of the rebate and the precise threshold of the sales goal or facing requirement is specific to an individual vending operator, and these terms are closely guarded by participants in the industry.
While the rebate programs share features with vertical tying (particularly when facing requirements apply), the primary function of the rebate programs is to lower the wholesale cost through an operator-specific mechanism.
5 The benefit of rebate programs for manufacturers is the ability to more closely align the downstream operator's incentive to carry and re-stock the manufacturer's products with the manufacturer's own incentives. Specifically, at any wholesale cost greater than the cost of production, the downstream firm chooses to stock fewer units of inventory than the upstream manufacturer would choose. This inventory stocking problem is well understood, and is referred to as the "newsvendor" problem in the case when prices are fixed and demand is stochastic. The intuition is formalized as follows.
Consider a single product with stochastic demand denoted by D, with distribution function F . The downstream vendor purchases q units of inventory at cost c and sells at a fixed price p > c. Demand lasts for one period, and inventory is purchased at the beginning of the period. For the sake of illustration, assume no salvage value for the downstream firm and a production cost for the upstream firm of zero.
6 Realized profit is:
and expected profit is:
The first term captures profits when the firm is understocked (i.e., no incremental profit is earned from consumers who arrive after the product is sold out), and the second term captures profits when the firm is overstocked. The solution to the newsvendor problem maximizes expected profit at quantity:
Thus, q * is chosen so that the expected marginal return equals the marginal cost to the downstream firm of an additional unit of inventory.
7 Note that the newsvendor problem is analogous to a "fixed price/stochastic demand" version of the double-marginalization problem, in that the downstream vendor only accounts for his own mark-up (p − c) rather than the full difference between p and production cost (assumed here to be zero) when stocking inventory.
Rebates lower the wholesale cost for downstream operators, leaving them with a higher expected return from stocking an additional unit of inventory. By structuring this as a rebate, rather than directly reducing wholesale price, manufacturers are able to tailor the amount of the cost reduction to each individual operator, and to match it to targets that are retailer specific (e.g., 90 percent of his previous year's sales).
Experimental Design
We ran eight experimental treatments with the help of Mark Vend Company, which is a medium-sized independent vending operator in the Chicago area. We identified 60 snack machines located in office buildings, for which demand was historically quite stable.
8 Most of the customers at these sites are 'white-collar' employees of law firms and insurance companies. Our goal in selecting the machines was to choose machines that could be analyzed together, in order to be able to run each experiment over a shorter period of time across more machines.
9 We selected snack machines because beverage machines have extremely large capacities and a small number of products. This made the logistics of stocking out beverages more difficult (removing and storing 100 large heavy bottles vs. 20 candy bars), and also made the outcomes less interesting, because the demand system only includes around six products. Finally, we selected machines on routes that were staffed by experienced drivers, so that the implementation of the experiments would be successful. The 60 machines used for each experiment were distributed across five of Mark Vend's clients, which had between 3 and 21 machines each. The largest client had two sets of floors serviced on different days, and we divided this client into two sites. Generally, each site is spread across multiple floors in a single high-rise office building, with machines located on each floor.
Implementation of each product removal was fairly straightforward; we removed either one or two top-selling products from all machines for a period of roughly 2.5 to 3 weeks. Six of the experiments stocked-out a single top-selling product: Snickers, Peanut M&Ms, Zoo Animal Crackers, Famous Amos Chocolate Chip cookies, Doritos, or Cheetos. Two of the experiments removed two products simultaneously: Snickers plus Peanut M&Ms, or Doritos plus Cheetos. Whenever a product was experimentally stocked-out, poster-card announcements were placed at the front of the empty product column. The announcements read "This product is temporarily unavailable. We apologize for any inconvenience." The purpose of the card was two-fold: first, we wanted to avoid dynamic effects on sales as much as possible, and second, the firm wanted to minimize the number of phone calls received in response to the stock-out events.
The dates of the interventions range from June 2007 to September 2008, with all removals run during the months of May -October. We collected data for all machines for just over three years, from January of 2006 until February of 2009. During each 2-3 week experimental period, most machines receive service visits about three times. However, the length of service visits varies across machines, with some machines visited more frequently than others.
The cost of the experiment consisted primarily of driver costs. Drivers had to spend extra time removing and reintroducing products to machines, and the driver dispatcher had to spend time instructing the drivers, tracking the dates of each experiment, and reviewing the data as they were collected. Drivers are generally paid a small commission on the sales on their routes, so if sales levels fell dramatically as a result of the experiments, their commissions could be affected. Tracking commissions and extra minutes on each route for each driver would have been prohibitively expensive to do, and so drivers were provided with $25 gift cards for gasoline during each week in which a product was removed on their route to compensate them for the extra time and the potential for lower commissions. With the exception of an individual site on each of two experimental runs, implementation was successful.
10
We faced a few limitations when designing the experiment. For example, some removals were scheduled "back-to-back." In these cases, we selected products that seemed ex-ante less likely to be close substitutes for adjacent runs. For example, the Doritos stock-out was followed by the Peanut M&Ms stockout. Due to more difficult logistics associated with experimental price changes, we were not able to implement any pricing experiments.
11
Finally, throughout our analyses, we focus on static effects. We do not see much evidence of dynamic effects in the data, but this is not something for which we are able to test directly. We note that demand for a focal product tends to remain fairly stable (and demand for other products returns to previous levels) after it is replaced.
Data Description
Data on the number and price of all products vended are recorded internally at each vending machine used in our experiments. The data track vends and revenues since the last service visit (but do not include time-stamps for each sale). Any given machine can carry roughly 35 products at one time, depending on configuration. We observe prices and variable costs for each product at each service visit during our 38-month panel. There is relatively little price variation within a site, and almost no price variation within a category (e.g., candy) at a site. Very few "natural" stock-outs occur at our set of machines.
12 Over all sites and months, we observe 162 unique manufacturer products. We organize these products into 417 site-product pairs (approximately 70 unique manufacturer products per site) by consolidating low-selling products over time within each site.
13 This set of 417 site-product pairs is our base dataset for all analyses and estimation.
In addition to the data from Mark Vend, we also collect data on the characteristics of 10 In the two unsuccessful runs, the driver at one site forgot to remove the focal product, so no intervention took place.
11 The firm does change some prices at some sites late in the dataset; we do not analyze this variation. 12 Mark Vend commits to a low level of stock-out events in its service contracts.
13 For example, we combine Milky Way Midnight with Milky Way. In a small number of cases, the consolidated products vary slightly in their wholesale costs or combine products of different manufacturers. For these products, we use the modal wholesale cost, and we apportion revenues paid by the vending operator to manufacturers on the basis of the vends of each individual product. 8 each product online and through industry trade sources.
14 For each product, we note its manufacturer, as well as the following set of product characteristics: package size, number of servings, and nutritional information.
15 Summary statistics at the manufacturer level are reported in the Appendix. One variable that the data do not measure is the number of people who walk away from a machine. We considered the possibility of adding video cameras or pressure mats to the machines, but neither of these options would have provided clean information on market size. 16 We discuss the issue of market size in detail when we describe the structural models of demand.
3 Nonparametric Analyses of the Experimental Outcomes
The Matching Estimator
In order to calculate changes in purchasing patterns, sales during treatment weeks are compared with sales during control weeks. We measure substitution from product k to product j as:
where q j denotes weekly sales, J is the full set of products, and A J denotes availability of all products in J.
In principle, this calculation is straightforward. In practice, however, there are three challenges in implementing the experiments and interpreting the data generated by them. First, service visits vary in length across machines and over time. Second, overall sales levels vary over time, due to exogenous changes in the rate of consumer arrivals. For example, a law firm may have a large case going to trial in a given month, and vend levels will increase at the firm during that period. Third, the product mix presented in a machine is not necessarily fixed across machines, or within a machine over long periods of time (e.g., as manufacturers change their product lines, or Mark Vend changes stocking decisions). Variation in the product mix across sites and machines increases the number of outcomes that the experiment attempts to measure (consider that we start with 162 unique products, roughly 70 of which are carried at any particular site).
17 Changes in the product mix that occur over time for a given machine affect the comparability of the observational control weeks to the weeks in which treatment occurs.
We take three steps to address these complicating factors. First, we consolidate data collected at service visits to weekly observations. This allows us to make direct comparisons across machines that are visited at different frequencies.
18 Second, we create classes of products for reporting the results of the experiments. This reduces the number of outcomes that each experiment attempts to measure. Third, we select a set of matched control weeks using nearest-neighbor matching techniques. This adjusts for the fact that the treatment weeks may belong to periods of low or high demand, due to exogenous variation in market size over time. We describe each of these steps in turn.
The first step for analyzing the experimental outcomes is the assignment of sales data to weekly units. This is done by apportioning "total vends since the previous visit" evenly across the elapsed days, and gathering groups of seven days into weeks.
19 Moving to weekly visits has a number of advantages. It smooths out variation in sales levels that occurs over very short (daily) intervals, and makes data from different service visits comparable.
20 Experiments are implemented at service visits, and all data from the experiments are also apportioned to weeks. This introduces the possibility that an experiment may be "contaminated" at the weekly level because implementation of the stock-out occurred in the middle of a week. In order to minimize this contamination, we choose start-dates for weeks at each site based on the timing of the experimental stock-out service visit.
21 This eliminates contamination, except for a very small number of cases in which different machines within a site are visited on different days. In such cases, we eliminate any treatment weeks for which more than four vends of the focal product were recorded at the site.
The second step we take for the analysis is to create product "classes" by combining the roughly 70 products at each site into groupings for which changes in purchase frequencies can be reliably measured. This is necessary because smaller products are not bought in sufficient quantity to identify changes for each one individually. 22 We allow the product classes to vary by experiment: all experiments include the six focal products, four additional major products (Twix Caramel, Salted Peanuts, Raisinets, and Skittles), and seven "assorted" classes to capture the smallest products. We choose several additional individual products to track for each product removal based on the purchase patterns observed in the data.
23
18 When we estimate models of demand in later sections, we preserve the visit-level detail for estimation, but report predictions and simulations of the model at the weekly level.
19 On average across the entire dataset, service visits are approximately 2 days long. However, the time between service visits ranges from one to 21 days. The length of time between visits varies over time for a given machine, and also across machines (and sites).
20 Daily vends would also provide comparable results, but with a significant amount of noise in overall levels of vends.
21 For example, if Snickers bars were removed on a Wednesday at site 93, we define weeks as periods of Wednesday -Tuesday at that site. We set the start-date of weeks separately for each site and each experiment, and require that each week start on a workday (Monday -Friday).
22 Fig Newton and Swiss Creme cookies are examples of these types of products. The stocking of these products is sometimes governed by the client (e.g., the CEO may request that Fig Newtons be available) . 23 The assorted classes are: Chocolate, Candy, Energy, Cookie, Potato Chips, Pretzels, and Salty Snacks. As an example of how the additional individual products vary across experiments, consider the Snickers and Cheetos removals. When stocking out Snickers, the additional individual products are Ruger Vanilla Wafer and Grandma's Chocolate Chip Cookie. For the Cheetos stock-out, the additional individual products are The third step is to select matched control weeks from the three-year panel of observational data. Before selecting control weeks, we sum vends across the machines at a given site.
24 Levels of demand at a site that change over time affect our ability to compare sales during treatment and control periods, and the selection of matched control weeks focuses on choosing weeks in which the level of demand is similar to that during the relevant treatment period. In our particular setting, many of the experiments were run during the summer of 2007, which was a high-point in demand at these sites, most likely due to macroeconomic conditions. In order to select weeks of similar demand levels, we identify a set of product classes that we believe are ex-ante unlikely to be substitutes to the focal product, and we use nearest-neighbor matching methods, matching on the site-level sales of these "non-substitute" product classes.
The use of matching on non-substitute product classes may be motivated in the following way. Substitution from product k to product j in market t is described as the change in the probability of purchasing j when k is not available. Excluding cases in which products are complementary in consumption, this implies that
In the data, we observe sales rather than choice probabilities, given by:
where A t denotes the set of available products in market t, and M t denotes market size.
25
The challenge for identifying substitution is that M t is unobserved. The matching procedure attempts to control for changes in M t by matching on sales levels of non-substitute products. For non-substitute product l,
so that by matching on sales levels of the non-substitute goods, we try to obtain a ratio of M t /M t that is close to one.
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Sun Chips, Frito, Farley's Mixed Fruit, Cheez-It Original, and Hot Stuff Jays. 24 There is nothing to be gained in the nonparametric analysis from variation across different machines at the same office building, given that our experiment removes each focal product from all machines at the site at the same time.
25 A market in our context generally has both geographic and temporal characteristics (ie., the week of March 4th at site 93).
Matching is done within each site. For each treatment week we select the four closest control weeks based on sales of the non-substitute product classes.
27 The set of products that are used for matching are shown in table 16 of the Appendix. We grouped the salty snack experiments together, and the candy and Chocolate Chip Famous Amos experiments together for defining sets of products for matching. 28 We use different subsets of products on which to match at different sites, due to changes in availability or the product mix of the assorted classes at particular sites.
These three steps enable us to examine the results of each experiment. Note that for each experiment, we have one outcome for each non-focal product class at a site. Matching estimators are usually discussed in the context of a single outcome of interest, such as in Lalonde (1986) , or Dehejia and Wahba (1999) .
29 In our context, the "average treatment effect" is a vector of outcomes because we have multiple outcomes of interest. Our approach, therefore, is to use the matching methods developed in the treatment effects literature to generate matched observations. 30 We then use this matched sample to report mean outcomes for all products for the treatment and control weeks, along with the percentile of the distribution of all control outcomes to which the mean results relate. Thus, we measure substitution from product k to product j as:
where expectations are taken over weeks, indexed by i, and J denotes the full set of product classes. The variable T i is an indicator variable denoting whether week i belongs to the treatment period in which product k was exogenous removed, and N i is the distance rank to match based on ex-ante notions of substitutability. In practice, however, week-to-week (or visit-to-visit) variation is quite noisy, and this resulted in difference-in-difference estimators that primarily captured random week-to-week fluctuations. We also ran all analyses using a set of "admissible" control weeks that were identified on the basis of a site's product mix during the experimental period. In this method, we admitted control weeks for which each product carried at a site during the experimental weeks was available in at least 80 percent of the machines at each site. This method yielded qualitatively similar results to the matching estimates that we report, but resulted in more experiments for which total vends increased when a product was removed. We report the nearest-neighbor matching estimator (using non-substitute products as the matching variables) as our baseline estimates because the statistical properties of these estimators are well understood. (See Abadie and Imbens (2006) .) In contrast, admitting control weeks on the basis of a non-linear function of a vector of availability dummies for a set of products is (to us) less well understood. Finally, we also ran all analyses using the full control set of approximately 120 weeks. The matched estimators perform significantly better, particularly with respect to levels of total vends.
27 All estimates were also run using ten matched control weeks for each treatment week; results were qualitatively similar to the baseline estimates reported here for four matches.
28 The Chocolate Chip Famous Amos cookie experiment was grouped with the candy experiments because of the presence of chocolate. The set of products for matching in the Zoo Animal Cracker experiment was allowed to differ from the candy and Famous Amos experiments because the vending operator identified that product ex-ante as potentially having a different set of substitute products.
29 Abadie and Imbens (2006) work out the large sample properties of matching estimators for average treatment effects in this context, and Imbens (2004) provides a review of this literature. 30 We use the nnmatch command in Stata, described in Abadie, Drukker, Herr, and Imbens (2004) , and choose the Mahalanobis metric for measuring the distance between the treatment and control vectors of covariates.
of each potential control week produced by the matching procedure. 31 We also estimate the effect of a product removal on the inside market shares of all remaining products. Thus, we measure:
where s j denotes the inside market share of product j.
We estimate outcomes for each site and each experiment, which generates a set of 48 tables of outcomes (six sites times eight experiments). In order to capture the overall effect of an experiment, we sum over the average weekly rates at each site during the treatment and control periods, and compute the difference, as well as the percentile of the distribution of vends at all sites to which the rate corresponds.
32 This adds eight more tables to the set of results.
Inference
Whenever we report the effect of a product removal, we report the quantile of the distribution of overall weekly sales for each outcome (treatment and matched control weeks). The quantile corresponding to the matched control weeks gives a sense of how the matched sample compares to the full distribution across all weeks. Similarly the quantile corresponding to the treatment outcome allows one to compare the outcome to the full distribution of weeks. However, neither statistic gives a direct way to infer statistical significance for the effect of the removal, according to the matching estimator. For this, we use a falsification study, similar to a bootstrap-type procedure. For each product removal, we choose three control weeks at random from each site, and assign these to be "treatment" weeks. For these false treatment weeks, we perform the same matching procedure, and construct the same outcomes of interest (vends, difference in vends, revenues, etc.), as in the baseline analysis. We repeat this for 1000 trials, and report the values of this falsification procedure at the 5th and 95th percentiles as a 90% Confidence Interval for the matching results.
33
31 Thus, we denote the closest match as having rank N i = 1, so that N i ≤ 4 selects the four nearest neighbors using the method in Abadie, Drukker, Herr, and Imbens (2004) .
32 Note, this essentially weights the contribution of each site to the total impact of the experiment by its overall sales level. Different sites may run a particular experiment for shorter or longer periods relative to other sites. For example, one site may stock out a product for two weeks, while another stocks out the product for three weeks. An alternative weighting across sites would be to sum all vends together and then compute weekly rates. This would weight the average based on both sales levels at each site and the number of weeks for which a site ran a particular experiment. We prefer weighting by site because the length of time for a given experiment at a given site varies for unhelpful reasons. For example, slower sites may be visited less often and have longer runs but lower weekly sales.
33 Note that this procedure will sometimes result in a treatment mean that is outside the 90% confidence interval when the difference is not significant, and vice versa, depending on the variance in the matched control observations. When only one confidence interval is reported (e.g. tables 2 and 3), we report the significance level associated with the difference. Table 1 reports results from one of the 56 tables-namely, the overall changes in purchasing patterns (summed over sites) of the Snickers removal.
Changes in Purchasing Patterns
34 The top panel of the table reports vends, and the bottom panel reports inside market shares. The first column in each table reports average weekly vends for the matched control weeks. The second column reports the percentile at which the mean of the matched control weeks falls relative to the full distribution of sales for all control weeks.
35 The third column reports average total vends for the treatment weeks, and the fourth column reports the percentile of the distribution of sales for all control weeks with which the treatment outcome is associated. If a product's average total weekly sales during the treatment weeks exceeds total weekly sales for all control weeks, we report the 100th percentile. The fifth column reports the difference in the two means, and the last column reports the percentage increase in sales for the substitute good. For example, during the Snickers experiment, table 1 shows that Peanut M&Ms sold 118.4 more units in an average treatment week; its mean total weekly sales during the control period were 359.9, and the percentage increase was 32.9. Sales of Peanut M&Ms in the matched control sample exceeded sales in 73.6% of all control weeks, and the average treatment outcome of 478.3 sales exceeded sales in 99% of all control weeks. Both the treatment mean and the mean difference are outside the 90% Confidence Interval of the overall distribution for Peanut M&M sales. The magnitudes of the percentile changes among the 'top substitutes' are quite striking across all experiments, and it is common to see very large changes in sales percentiles between treatment and control periods for the top products.
Table 1 also shows that total vends during the matched control (treatment) period correspond to the 74th (73rd) percentile of the overall distribution of total vends. Overall, total vends are only 0.1% lower during the treatment weeks when Snickers is removed. This likely reflects at least two factors: first, most consumers purchase another product when Snickers is not available (as opposed to walking away), and second, demand was relatively high when the Snickers experiment was run. The rows in both panels are sorted by the mean difference in vends, so products toward the top of the list are those whose sales increased the most when Snickers was removed. Sales of the top five products (Peanut M&Ms, Twix Caramel, Assorted Chocolate, Assorted Energy, and Zoo Animal Cracker) increased by a total of 370 vends during the treatment period, which exceeds the average level of Snickers vends during the matched control weeks of 323. The products with the largest percentage change are found by examining the last column.
36 Examining the lower panel of table 1 allows one to normalize by overall sales levels by comparing changes in inside market shares. Tables 2 and 3 summarize the results for all eight product removals. Table 2 reports the top five substitutes for each focal product(s) based on level changes in sales summed across 34 All 56 tables are available online in our online appendix.
See the link for this paper at http://mortimer.fas.harvard.edu.
35 With no matching, most of these percentiles will be near 50%. The matched control weeks admits greater variance across products in these percentiles. 36 In the Snickers experiment, the top five products in terms of percentage changes are: Twix Caramel, Peanut M&Ms, Ruger Vanilla Wafer, Assorted Chocolate, and Zoo Animal Cracker. sites; table 3 reports the top five substitutes for each focal product(s) based on percentage changes in sales. The last three rows in each panel report changes in the sales of: focal product(s), top 5 substitutes, and total vends between the treatment and matched control weeks. For all but one removal (Peanut M&Ms), we observe a reduction in total vends. Substitution to the top five products exceeds the average number of vends of the focal product during the matched control weeks in four removals in table 2.
37 The fact that vends to the top five substitutes exceed the vends of the focal product in this analysis implies that matching cannot fully control for changes in overall levels of demand across treatment and control weeks.
Profit Impacts
We observe prices and wholesale costs of Mark Vend, as well as its participation in rebate programs, so we can compute the total variable profit for each week with and without rebate payments. For upstream manufacturers, we observe revenue, but not production costs. We observe which products are co-owned by individual manufacturers, and we can calculate the revenue impacts across manufacturers that result from each product removal. Table 4 reports the weekly profit impact of the Snickers removal for the downstream firm at the level of individual product classes, without manufacturer rebate payments, which are made annually based on Mark Vend's total manufacturer-level sales.
38 Manufacturers are listed for each product class, with assorted product classes noting multiple manufacturers. The first column reports Mark Vend's margin; his margin for Snickers (ignoring his rebate payments) is 21 cents, and he loses $68.40 of variable profit per week on this product when it is removed. Sales of Assorted Salty Snacks are also down during the treatment week, and he loses $51.60 of variable profit per week from this product class. He gains from other products: for example, increased sales of Peanut M&Ms contribute an additional $25.20 in weekly profit. Overall, total vends are down, but the net profit impact for Mark Vend is positive, with an increase in profit of $2.65 per week. This is generated in part by consumers' willingness to purchase other products when Snickers is removed (rather than leaving empty-handed), and in part by the relatively low margin that Mark Vend receives on vends of Snickers (e.g., $0.21 vs. $0.48 for Assorted Energy products). Table 3 reports changes in the inside market share of the top five substitutes based on percentage changes. The combined change in the inside market shares of these five products exceeds the market share of the focal product in three experiments.
38 Products are listed in the same order as in table 1 (based on their increase in sales when Snickers is removed). The full set of 56 profit impact tables are provided in the online appendix.
39 However, the Peanut M&Ms result differs from the Snickers result because overall vends are higher during the treatment weeks than the control weeks in this case.
average margins increase by 1.2 cents per vend. The effect of this increase in margin is that Mark Vend loses only $15.00 per week from the removal of these two products, despite a reduction in overall weekly sales levels of 218 units. The last two columns of table 5 report the change in Mark Vend's average margin and profit impact for each removal, taking rebate payments into account. Mark Vend receives relatively generous rebate payments from Mars & Co., with the result that the profit impact of removing Snickers is negative, at -$2.50, with his average downstream margin falling by 0.05 cents per unit, once rebate payments are considered. Table 6 reports the revenue impact of each removal for all manufacturers, with and without rebate payments.
40 Revenue impacts for the manufacturer of the focal product of any given experiment are shown in bold typeface (e.g., Mars Inc. manufactures Snickers). Minor manufacturers include all 17 manufacturers listed in table 15. In all but one case, the manufacturer of the focal product had lower revenues during the treatment period in which its product was removed.
41 The largest effect was for Mars Inc. during the joint stock-out of Snickers and Peanut M&Ms, for which its revenues declined by $220.52 per week.
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Structural Models of Demand
In this section we describe two models of demand commonly used for analyzing markets for differentiated products. Both models assume knowledge of market size, M . We first describe our method for determining market size, and then specify the structural demand models.
Calculating Market Size
Unlike many settings, in which market size is assumed to be constant over time, the number of people considering a purchase from a vending machine may change significantly from one week to the next. For example, the employees at one site may have an important deadline one week, which increases demand for vending products temporarily. Unfortunately, we do not observe how many people pass by each vending machine in our sample in any given week who are considering making a purchase.
43 Thus, we estimate market size using data on total 40 Revenues to manufacturers are calculated as the wholesale cost paid by Mark Vend to the manufacturer. When rebate payments are included, these reduce the amount that Mark Vend pays to each manufacturer by a fixed percentage, which was provided to us by Mark Vend. 41 The exception is that PepsiCo's revenues increase when Cheetos are removed. This is likely due to the presence of week-to-week variation in relative market shares, market size, and the availability of products in some of the Assorted classes that are not fully controlled for by the matching procedure. However, the result may also partly reflect the fact that PepsiCo owns a very large fraction of the available substitute salty snacks.
42 The decline in revenues for Snyder's, which did not have a focal product in any of the experiments, is due primarily to changes in the set of products that Mark Vend stocked over time. In particular, several Snyder pretzel products were replaced with products manufactured by 'Minor' manufacturers and PepsiCo.
43 This is more than a simple data limitation, in the sense that even additional data monitoring (e.g., pressure mats or video cameras on the machines) would not provide perfect information on how many consumers may be considering making a purchase as opposed to simply being located near a vending machine.
vends over time at the machine level. Our baseline model specifies market size on the basis of the following regression:
where y rv is five times total vends at visit v for machine r, η rd is a full set of machine × day of week fixed effects (six for each machine), and τ rt is a full set of machine × month × year fixed effects (38 for each machine). 44 We specify market size as the predicted valuê y rv from this regression, with two additional restrictions. 45 We investigated an alternative specification for market size and ran all prediction exercises using the alternative estimate. The results were qualitatively the same as our baseline estimates. 
Nested Logit and Random-coefficients Logit Specifications
We specify two models of demand: nested logit and random-coefficients logit, which are estimated from the full dataset. We consider a model of utility where consumer i receives utility from choosing product j in market t of:
The parameter δ jt is a product-specific intercept that captures the mean utility of product j in market t, and µ ijt captures individual-specific correlation in tastes for products.
Nested Logit
In the case where (µ ijt + ε ijt ) is distributed generalized extreme value, the error terms allow for correlation among products within a pre-specified group, but otherwise assume no correlation. This produces the well-known nested-logit model of McFadden (1978) and Train (2003) . In this model consumers first choose a product category l composed of products g l , and then choose a specific product j within that group. The resulting choice probability for product j in market t is given by the closed-form expression:
where the parameter λ l governs within-group correlation, and a t is the set of available products in market t.
47
44 The R 2 from this regression is 0.66. 45 The restrictions are that M must be at least 30 people per visit and must be greater than the total vends for the machine-visit observation. 46 The alternative model specifies a daily rate of arrival. For each machine-visit observation we denote ∆t as the elapsed time since the previous service visit in days and estimate a least-squares regession of y rv /∆t on a series of machine fixed effects and a full set of 38 month*year dummies.
47 Note that this is not the IV regression/"within-group share" presentation of the nested-logit model in Berry (1994) , in which σ provides a measure of the correlation of choices within a nest. Roughly speaking,
Random-coefficients Logit
The random-coefficients logit allows for correlation in tastes across observed product characteristics.
48 This correlation in tastes is captured by allowing the term µ ijt to be distributed according to f (µ ijt |θ). A common specification is to allow consumers to have independent normally distributed tastes for product characteristics, so that µ ijt = l σ l ν ilt x jl where ν ilt ∼ N (0, 1) and σ l represents the standard deviation of the heterogeneous taste for product characteristic x jl . The resulting choice probabilities are a mixture over the logit choice probabilities for many different values of µ ijt , shown here:
Additional Parametrizations
In both the nested-logit and random-coefficient models δ jt consists of product-site intercepts, so that the average taste for an individual product varies from site to site.
49 For the nested-logit model, we allow for heterogeneous tastes across four major product categories or nests: chocolate, cookie, energy, and salty snack.
50 For the random-coefficients specification, we allow for three random coefficients, corresponding to consumer tastes for salt, sugar, and fat.
51 An observation for estimation groups machine visits into unique choice sets of the 417 product-site pairs. We report and discuss the estimated parameter values from these models in the section describing the results of the hold-out analyses.
Comparing Predicted and Nonparametric Results
Sales are predicted by both models at the machine-visit level using the estimated parameter values and market size y rv . We describe the predicted vends during the treatment and in the notation used here, λ = 1 corresponds to the plain logit, and (1 − λ) provides a measure of the "correlation" of choices within a nest (as in McFadden (1978) ). The parameter λ is sometimes referred to as the "dissimiliarity parameter."
48 See Berry, Levinsohn, and Pakes (1995) . 49 These correspond to the 417 site-product pairs described in the data section. In addition, one can add a market-level demand shifter ξ t .
50 The vending operator defines categories in the same way. "Candy" includes both chocolate and nonchocolate candy items. "Energy" includes products such as peanuts, fruit rolls, crackers, and granola bars. 51 We do not allow for a random coefficient on price because of the relative lack of price variation in the vending machines. We also do not include random coefficients on any discrete variables (such as whether or not a product contains chocolate). As we discuss in Conlon and Mortimer (2009) , the lack of variation in a continuous variable (e.g., price) implies that random coefficients on categorical variables may not be identified when product dummies are included in estimation. We did estimate a number of alternative specifications in which we include random coefficients on other continuous variables, such as carbohydrates. In general, the additional parameters were not significantly different from zero, and they had no appreciable effect on the results of any prediction exercises.
matched control weeks and compare them to the actual vends. This exercise does not predict substitution patterns per se. Rather, it predicts vends in the environment of the treatment weeks, and again in the environment of the control weeks. Thus, non-experimental changes that occur during the control weeks are included in these predictions. There are two main sources of these non-experimental changes. The first is changes in the characteristics of other products (e.g., a manufacturer may change the fat content of its pretzels, or run a national advertising campaign in a particular week). The second is changes in the availability of other products (e.g., a manufacturer discontinues a particular product, or Mark Vend changes the set of products it carries at a site). The models will adjust for these changes as well as the removal of the focal product. In this sense, neither the nonparametric results nor the predicted vends presented here can be interpreted as the "pure" treatment effect of a product removal. Table 7 reports predicted vends from the nested-logit model during treatment and control weeks next to the results of the nonparametric analyses for the Snickers experiment; table 8 repeats the exercise using the random-coefficients logit model.
Predicted and Actual Sales
52 Predicted vends for the matched control weeks fit well in both tables 7 and 8. While both demand models will necessarily fit average vends of all products quite closely (through the choice of the δ jt parameters), predictions for vends in the matched control weeks need not fit well, because both demand models are estimated off of the full dataset. In this sense, the predicted vends for the matched control weeks provide some insight into the importance of week-to-week variation in market shares in this setting.
Predicted vends fit less well for the treatment weeks than for the matched control weeks. Both models predict more substitution to the outside good than the actual data display: total predicted vends go down by roughly two percent, compared to only 0.1 percent in the actual data. Table 7 shows how the predicted sales patterns in the nested-logit model rely on the nesting structure specified for consumer tastes. Snickers is in the "candy" nest, along with Twix Caramel, Peanut M&Ms, Assorted Chocolate, Assorted Candy, Raisinets, and Skittles. Sales of all of these products are predicted to increase by eight to 17 percent when Snickers is not available. Three of these products (Twix Caramel, Peanut M&Ms, and Assorted Chocolate) are also identified as top substitutes in the nonparametric analyses. Actual vends of Skittles were lower during the treatment weeks than during the matched control weeks. However, it seems unlikely that Snickers is complementary to Skittles in consumption, and the fact that the model does not predict lower sales of Skittles may be viewed as a desirable feature. Assorted Potato Chips are predicted to have relatively high sales during the treatment period. This results from changes in the set of products included in the Assorted Potato Chip class at two individual sites.
53 Two assorted product classes (salty snack and cookie) are predicted by both models to have lower sales during the treatment period compared to the matched control weeks; actual vends are also lower during the treatment period for these classes. This also results from changes in the component products at individual sites: more-popular brands were carried during the matched control weeks than during the treatment weeks.
54 Relative to the nested-logit model, the randomcoefficients model in table 8 predicts smoother sales patterns across product categories. Thus, it successfully predicts more vends of cookie and energy products, which are closer to Snickers in some of the observable product characteristics (i.e., fat and sugar).
Discussion of Predicted Sales
Both models predict fewer sales of the products identified as 'top substitutes' in the matching exercise, and predict more sales to other products. This may be explained partly by noise in the matched data, which we discussed in section 3. However, another explanation is that the parametric models are misspecified. We discuss two potential sources of misspecification.
The first potential source of misspecification is that we have not chosen the correct form for f (µ ijt |θ). For the nested-logit model, misspecification is well understood, and occurs when the pre-specified groupings of products that determine substitution patterns do not fully capture consumer behavior. For example, the experiments suggest that many consumers substitute from Snickers to Salted Peanuts, but Salted Peanuts also appear as a substitute for Doritos. Since Doritos and Snickers do not display cross-substitution effects with each other, this creates a dilemma regarding the nest to which Salted Peanuts belong.
There may be several reasons why f (µ ijt |θ) is misspecified in the random-coefficients model. The one most strongly suggested by our experimental results is that there are omitted product characteristics for which consumers have heterogeneous tastes. For example, sales of Peanut M&Ms and Salted Peanuts are higher during the Snickers removal than the model suggests, and sales of Salted Peanuts are higher during the Peanut M&M's removal. However, Peanut M&Ms and Salted Peanuts are not particularly similar along observable dimensions. To formalize this intuition, suppose that the true utility model is given by:
where z jt is an unobserved characteristic for which consumers have heterogenous tastes. One can safely exclude the omitted characteristic only when σ z = 0. There are two restrictions 53 Less-popular brands of chips were stocked during the matched control weeks than during the treatment weeks. The change is most noticeable at sites 5055 and 5655. 54 The nested-logit model also predicts slightly lower vends during the treatment period for the assorted energy product class, and for one individual product (Grandma's Chocolate Chip Cookie). The latter prediction is due to the absence of Grandma's Chocolate Chip Cookie during the treatment period at one site, and the fact that the nested-logit model does not predict much substitution from Snickers to the cookie nest (so predicted vends at other sites do not increase very much). Detailed information on the effects of changes in the component products of the assorted classes, and the availability of all products, is included in the full set of tables in the online appendix.
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that the parametric models of u ijt impose. The first is that correlation among tastes is parametrized by µ ijt , which is projected onto the space of observable characteristics x jt .
55
This approach will always leave some residual correlation, unless the unrestricted J × J matrix can be estimated. The second restriction is that, conditional on the consumer type µ ijt , all substitution follows a standard logit, including the IIA (Independence of Irrelevant Alternatives) property. The random-coefficients model is a mixture over many different IIA logit models. However, traces of the IIA property remain which may lead to underprediction of substitution to the best substitutes and overprediction of substitution to the worst substitutes.
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The second source of difficulty for parametric models is that the set of available products a t is assumed to be exogenous to the decision-making process. In reality, firms choose product mix carefully in order to maximize profits. The endogeneity of the choice set (or product mix) is something that the researcher cannot generally control, and it is precisely this variation that is used to identify these models. This creates a challenge when we use the models to extrapolate out of sample. For example, Snickers and Twix are both nearly always in stock, and substitution between the two is identified in part by differences in observed substitution to both products from a third product (such as Raisinets) which is sometimes, but not always, stocked. The machines or time periods in which Raisinets are stocked are chosen by Mark Vend to maximize profits, and may reflect locations or times when the taste for Raisinets is especially high. This leads the model to over-value Raisinets and to misspecify substitution between Snickers and Twix. The ability to exogenously alter choice sets reduces our reliance on endogenous forms of choice-set variation, and allows us to test the sensitivity of the models to the presence of exogenous variation, which we do in Section 7.
There is a third source of misspecification that is more special to our setting, and that is the absence of price variation.
57 The ability to identify substitution patterns in the types of demand models estimated here benefits greatly from the presence of price variation, particularly when a strong instrument can be found for addressing the endogeneity of variation in price. 
Predicted Profit Impacts
Differences in predicted vends across products may not have much impact on firms' bottom lines, particularly in a setting with limited price variation. Table 9 reports the predicted profit difference for the downstream firm in the treatment vs. matched control weeks using 55 McFadden and Train (2000) show that any random utility model can be represented as a mixture of logits as in (5). However, this depends on having a sufficient space of x jt 's.
56 There are several approaches to dealing with these problems in the literature. One example is the pure characteristics model of Berry and Pakes (2007) which avoids the logit error altogether, but restricts the substitution matrix to vary only according to observable characteristics. Another approach is found in Bajari, Fox, Kim, and Ryan (2010) which proposes a method to non-parametrically recover f (µ ijt |θ).
57 There are, however, many markets with limited price variation, and product availability is often a key consideration in these contexts (e.g., movie theaters, iTunes, and subscription services such as Netflix).
58 For a discussion of the role of price variation in identifying discrete-choice models of demand, see Ackerberg and Rysman (2005), Berry and Haile (2008) , and Fox and Gandhi (2010) . the random-coefficients logit model. A comparison of the results to those in table 5 shows that the change in the downstream firm's average margin is predicted quite well, implying that discrepencies between predicted and actual vends for individual products matters little for the effect on the firm's average profitability on a per-unit basis. Indeed, the most important determinant for the change in Mark Vend's average margin is the difference between the wholesale cost of the focal product compared to other goods: Snickers and Peanut M&Ms have very high wholesale costs, and Mark Vend's average margin increases when those products are removed. This effect is offset somewhat by the rebate payments. The model predicts a more negative overall profit impact for each removal relative to the nonparametric estimates, because total vends during the treatment period are predicted to be lower than the actual data. However, the patterns are correlated with those from the nonparametric analyses: the two most positive/least negative predicted differences correspond to the Peanut M&Ms and Snickers interventions, which were also estimated to have the most positive impacts in the non-parametric results. Table 10 reports the impact of the product removal on manufacturer revenue predicted by the random-coefficients model, with and without rebate payments. Relative to the nonparametric estimates in table 6, some experiments have predicted impacts that are quite similar (e.g., the cookie experiments), while others predict a larger negative impact for the manufacturer of the focal product and corresponding larger positive impacts for competing manufacturers. This reflects the fact that many of the non-focal products with underpredicted sales are owned by the manufacturer of the focal product (e.g., both Snickers and Peanut M&Ms are owned by Mars Inc.). As expect, the impact of each product removal is less negative for manufacturers after accounting for rebate payments.
Simulating Stockout Events
The exercise in which we predict vends for the treatment and control weeks is an exercise in which we are rarely interested from an economic point of view. Policy makers are generally interested in understanding the impact of a control variable (in this case, the decision to stock a product), rather than understanding the joint effect of a control variable and other factors. Both the non-parametric approach and the prediction exercise above conflates these things, modeling the product removal simultaneously with changes in other factors that shift consumer tastes (such as national manufacturer advertising campaigns). For that reason, the prediction exercise is also a strenuous test on which to expect the models to perform well, because of the need to adjust for multiple factors simultaneously. In this section, we simulate the effect of a product removal directly, using the estimated model parameters and holding all other factors fixed.
Both the nested logit and random-coefficients logit specifications have straightforward predictions regarding how demand should respond to a product removal. The expected change in sales of product j when product k is removed is:
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We calculate ∆q
jt for the set of products available during the treatment weeks at each site. Table 11 reports the results of this calculation for the Snickers removal, summing over all sites. 59 We choose M t so that the sales levels of the focal product(s) match the sales levels in the actual data during the matched control weeks. The left panel reports the change in sales for a simulated removal of Snickers based on the nested logit and random-coefficients logit models. Under the random-coefficients specification, Snickers has sales of 323 units when it is available. Of these 323 "Snickers consumers," 73 leave the machine and 250 purchase another product (e.g., 34 purchase an Assorted Energy product, 33 purchase Peanut M&Ms, etc.). The downstream firm loses $69 in variable profit from the sales of Snickers, but gains $95 in variable profit across all substitute goods. Thus, in spite of the fact that 73 Snickers consumers leave the machine, the removal of Snickers is profitable for the downstream firm. Table 12 summarizes the overall profit impacts of simulations in which we remove each of the focal products. As expected, vends decrease in every case because of substitution to the outside good. As in the nonparametric analyses and the prediction exercise, average margins increase in the three candy removals as consumers substitute to products with lower wholesale costs for the downstream firm, although this effect is ameliorated by the rebate payments. Mark Vend's variable profits are still forecast to increase when Snickers is removed, although the rebate payments provide an incentive to carry Peanut M&Ms. All other product removals result in lower profits for Mark Vend, even in the absence of rebate payments. The revenue impacts for upstream firms are reported in table 13. The manufacturer of each focal product loses revenue when the product is removed, while other manufacturers gain. The gains to other manufacturers are spread out fairly widely.
Hold-out Analyses
In most applications, the type of exogenous variation in product availability that we induce through our experiments does not exist in the data. Demand models are thus identified entirely from naturally-occuring variation in choice sets. This variation may arise from many sources (e.g., changes in stocking decisions, price, and other characteristics), but is often endogenously determined by firms. Our setting permits us to examine the sensitivity of our demand estimates to the presence of exogenous variation in choice sets. Table 14 reports the estimated coefficients that govern correlation in consumer tastes when we estimate our demand models on subsets of the data that exclude different sets of our exogenous product removals. The random-coefficients model is shown in the top panel, and the nested logit model in the second panel. The bottom panel reports the number of products and choice sets for each sample of the data. The parameter values from the base model, in which the full set of data is used for estimation, are reported in the first column.
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The second column reports the estimated parameters when the model is estimated on only control observations (i.e., we exclude all experimental periods). The estimates of σ sugar and λ candy change significantly (from 5.25 to 2.91 for σ sugar and from 0.57 to 0.66 for λ candy ). The other parameters are more robust to the exclusion of the treatment observations. The third column of table 14 reports the estimated parameters when the models are estimated without the benefit of the data from the candy experiments. We see the same effect on the parameter values: the estimated correlation in tastes for sugar and the candy nest are lower (i.e., σ sugar is lower and λ candy is higher).
61 The remaining columns repeat the exercise by withholding data from the salty snack and cookie experiments in turn. The estimated parameter values are much more robust to these hold-out exercises.
The bottom panel provides some guidance for assessing these results. The total number of products is reported next to each category name (e.g., there are 417 products total, 115 of which are candy products). The experimental interventions increase the total number of unique choice sets from 1096 to 1734. Among candy products alone, there are 427 unique choice sets in the full dataset, but only 262 in the subset of the data that includes only control observations. The salty snack category has about 60 percent more products than the candy category (187 vs. 115), but 120 percent more unique within-category choice sets when using only the control observations (578 vs. 262). Removing data from the salty snack interventions does reduce the number of within-category choice sets, but not as dramatically (578 vs. 794).
The choice-set data help to better understand the challenges of identification in demand models when there is relatively little variation in stocking (or other product characteristics) within a group of closely-related products. In our setting, the experimentally stocked-out candy bars have large market shares relative to their salty-snack counterparts, and are nearly always available simultaneously to consumers during the control observations. Furthermore, there is limited variation (relative to the number of products) in consumer choice sets generated by other candy products. Thus, identifying correlation in tastes for the characteristics that are important to these goods is greatly aided by our ability to exogenously create choice-set variation.
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Conclusion
Our analysis of product availability makes use of a field experiment in which top-selling products are removed from a set of 60 vending machines. We analyze changes in purchasing patterns and profits in two ways: first, using nonparametric techniques common to the treatment effects and experiments literature; second, using structural demand estimation. We find substitution patterns that seem quite sensible, and we note that in the short-run, relatively few people leave the market when a product is out of stock. We find evidence of the incentive problems facing firms in vertically-separated markets: some product removals result in lower revenues for upstream manufacturers but higher profits for the downstream vending operator in the absence of rebate payments because consumers substitute to products with lower wholesale costs.
We discuss the trade-offs of both empirical approaches. The treatment-effects approach places no parametric restrictions on substitution patterns, but noisy estimates occasionally imply nonsensical effects of a product's removal. The structural approach avoids this problem, but at the cost of imposing restrictions on the substitution patterns and profit impacts associated with a product's removal. Using hold-out analyses, we find that the structural model is sensitive to the absence of the experimental data in parts of product space where relatively little non-experimental variation occurs in consumers' choice sets.
Product availability is a critical feature of many markets; firms make both long-run and short-run decisions about the capacity or inventory of different products to stock, which brands to carry, and how to respond to changes in the product availability of rivals. Product availability can vary over time due to mergers, foreclosure, or other factors. Despite the prevalence of these issues, relatively little empirical evidence exists in the IO literature on the importance of product stocking decisions for firm profits, consumer choices, or vertical relationships. Using vending machines, we are able to exogenously alter a firm's product mix in order to shed light on two central outcomes of interest (i.e., substitution patterns and profit impacts for both upstream and downstream firms), which apply broadly to more complex settings. The experimental approach also provides an opportunity to compare the trade-offs and assess the sources of identification of different empirical methods. Total (-179.5) Notes: Control weeks are selected through nearest-neighbor matching using four control observations for each treatment week. Effects report the change in average vends of the treatment and control weeks for: the focal product, the Top 5 substitutes based on changes in sales levels, and total vends. Products with a mean difference outside of the 90% Confidence Interval described in section 3.1.1 are denoted with *'s. Notes: Control weeks are selected through nearest-neighbor matching using four control observations for each treatment week. Effects report the change in average vends of the treatment and control weeks for: the focal product, the Top 5 substitutes based on percentage changes in sales levels, and total vends. Percentage changes for Focal and Top 5 products refer to changes in their average inside market share. Percentage change for Total reports the percentage change in the number of total vends. Products with a mean difference outside of the 90% Confidence Interval described in section 3.1.1 are denoted with *'s. 32 Notes: Retail margin is reported in cents per unit. Difference in vends is reported in units per week, and difference in revenue is reported in dollars per week. Products with a mean difference outside of the 90% Confidence Interval described in section 3.1.1 are denoted with *'s. Notes: Products are sorted by percentage change in actual values. Predicted results report sales during the treatment weeks and control weeks using the parameters estimated in the baseline nested-logit model. Just as for the actual data, predicted vends of the focal product result from the assignment of service visits to weeks. Products with a mean difference outside of the 90% Confidence Interval described in section 3.1.1 are denoted with *'s. Notes: Products are sorted by percentage change in actual values. Predicted results report sales during the treatment weeks and control weeks using the parameters estimated in the baseline random-coefficients logit model. Just as for the actual data, predicted vends of the focal product result from the assignment of service visits to weeks. Products with a mean difference outside of the 90% Confidence Interval described in section 3.1.1 are denoted with *'s. Notes: The left panel reports the change in sales for each product of a simulated removal of Snickers. The simulated profit change of each product for the downstream firm is reported in the right panel. Products with a mean difference outside of the 90% Confidence Interval described in section 3.1.1 are denoted with *'s. Notes: Difference in margin is reported in cents per unit. Difference in vends is reported in units, and difference in profits is reported in dollars. No profit difference is outside the 90% Confidence Interval described in section 3.1.1. Table 15 provides summary statistics by manufacturer. The six major snack manufacturers are listed separately, followed by a column for all minor manufacturers. 63 In the first two panels, we report statistics for each manufacturer's full portfolio of products: the inside-good market share, average daily sales per machine, average number of products per machine, and product counts by category. PepsiCo produces the largest number of products (30), with the largest inside market share (over 33%).
64 The smallest major manufacturer is Kraft, producing 8 products with an inside market share of about 3%. Minor manufacturers account for just over 0.9% of all vends each (15.9% combined), spread across 40 products. The average number of products per machine ranges from 1.6 (out of 8) for Kraft to nearly 11 (out of 30) for PepsiCo. The average daily sales per machine is higher for the major manufacturers than for the combined minor manufacturers, at 1.2 on average. Major manufacturers segment across different product categories, with Mars and Hershey's focusing on chocolate and candy, PepsiCo and Snyder's focusing on salty snacks, and Kellogg and Kraft in the cookie and energy categories.
Maximum, minimum and median retail and wholesale prices are listed in the second panel of table 15. The largest spread in prices exists among the combined minor manufacturers. In the last panel, we report retail and wholesale prices and the average inside good share for the "best," "median," and "worst" products, defined as the products with the highest/median/lowest average daily sales rate in our three-year sample period. The range of inside good shares is very similar for major and minor manufacturers. Neither retail nor wholesale prices are correlated with sales performance. Table 16 reports the products used in the matching procedure described in section 3. 
